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Abstract

Identifying the uncoordinated deformation between ballastless track and subgrade caused by sub-
grade settlement has become a key technology to ensure the quality of train operation and the perfor-
mance of the track. This paper presents a model for identifying the degree of uncoordinated defor-
mation between ballastless track and subgrade. It is based on a one-dimensional convolutional neural
network. This study develops a high-speed vehicle-ballastless track-subgrade coupled dynamic theo-
retical model that efficiently and accurately simulates the impact of uncoordinated deformation in the
layered composite structure of track and subgrade on the train’s operational state. The model calcu-
lates the vehicle vibration response caused by uncoordinated deformation under different degree of
defects. Through analysis, the wheelset acceleration is identified as a sensitive indicator. This study
then constructs a comprehensive one-dimensional convolutional neural network model. It is trained
using acceleration data extracted from three conditions of coordinated deformation and five condi-
tions of uncoordinated deformation between the track and subgrade. This approach enables real-time
processing of wheel vibration response data and the automatic output of the degree of uncoordinated
deformation between the ballastless track and the subgrade. The identification accuracy of this model
can reach 95.87%. Moreover, the recognition accuracy was 94.89% and 85.66% under 5% and 8%
Gaussian noise conditions, respectively, demonstrating strong robustness.
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Figure 1. Research technology roadmap
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Figure 2. Coupled dynamic model of vehicle-track-subgrade considering subgrade settlement
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Table 1. CRH380A high-speed train model parameters
% 1. CRH380A BUSiRTIZEF RS

ZH HfE ZH HfE
TEAR R kg 33,766 — ZE A B NI /N/m 2.352 % 10
I B8 kg 2400 TR EHEE A JE/N*s/m 2.4 % 10°
FOR P kg 1850 — R HETE H HJE/N*s/m 2 % 104
Bk nUR I B B kg *m? 1.6545 x 106 CREREEAEME/m 17.5
e 1) B8 R B B 1B B kg m? 1.314 x 10° I#] 72 il ¥ /m 2.5
ARG TR ELNIEE/N/m 0.52 x 106 R TR B 42 /m 0.43
Table 2. Parameters of the monolithic slab track model
F* 2. BURATHEIESH
ZH HfE ZH HfE
NSRS B/ Pa 2.059 x 10! BB AR B R /Pa 3.6 x 1010
AN LA T A6 14 4 /m* 3217 % 10°° HLIER % kg/m? 2500
BRI B kg 60.64 JRG A 5 P A /P 3.25 x 1010
FIF AT BE /m 0.625 JER FEAR % i kg/m® 2500
O 3.5 M FEE/N/m 2.5 %107 I Z AL 0.167
45 EBH JE /N -s/m 3% 104 I BBk R /Pa 3.0x 108
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Figure 3. Diagram of maximum uncoordinated deformation distance
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Figure 4. Variation of maximum distance with settlement wave amplitude and wavelength
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Figure 5. The sensitivity of body, bogie and wheelset vibration acceleration
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Figure 6. Data augmentation for the sliding window method
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BT 78, REAFEIN 3392 LBERHEA . FraEALEEHUTILE, %00 70%. 15%8 15%I[1 Lt
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BENS [ BhIR BUE IR 2 R B HFAE(S B . ASCRA ID-CNN, M8 7 — AN FH0E 5 B3 2 1R 28
TR IR R e, M B Tk B Rk 1 IR 2542 W I AR K
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BEEE TN R I ERILEFF 2 — o Adam FHES RN UL, BRKIGETEIRER SBIE. X
VI RS BIE, RAEMSHER . KT R RS, HRUE SRR ) 2 5 .
FIRFEAR, WA PR RIS R AT TTH, WI4652 ST REN 0.001. [, 85—
BRI X At KN (batch size) B4, ASCREDY 64, DIAEIZRACR SR ERE 2 [RGB (1115 .

Table 3. Conditions for uneven subgrade settlement in unit slab ballastless track systems

3. BRI E A SRR TR

T VIR /m VLR IRAE/mm B KR B /mm
1 10 10 2.63
2 10 15 6.68
3 10 20 11.29
0 15 10 0
4 15 15 0.11
5 15 20 0.4
0 20 10 0
0 20 15 0
Table 4. Model parameters of 1D-CNN
% 4. ID-CNN #2218 %
e N KR Bas ISk 2 CIES2E 210583
1 Sequence input AR ZETTPN 2000%1 0
) Weights 7 x1x32
2 convld_1 B 2000 x 32 256
Bias 1 x32
3 relu_1 ReLU 2000 x 32 - 0
4 maxpoolld I — Y KAl 1000 x 32 - 0
» Weights 3 x32 x 64
5 convld 2 HH 1000 x 64 6208
Bias 1 x64
6 relu_2 ReLU 1000 x 64 - 0
7 maxpoolld 2 — Y Kbl 500 x 64 - 0
) Weights 3 x 64 x 128
8 convld 3 B 498 x 128 24,704
Bias 1x128
9 relu_3 ReLU 498 x 128 - 0
10 flatten T4 63,744 - 0
11 Globalavgpool 1d — Y4 Rk 63,744 - 0
) Weights 6 x 63,744
12 fc AR 6 382,470
Bias 6x1
13 softmax Softmax 6 - 0
14 classoutput R 6 - 0
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Figure 7. Model training accuracy and loss curves
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Figure 8. Multi-label classification accuracy after confusion matrix visualization
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Figure 9. Test set accuracy with different noise standard deviations
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